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Abstract

Intelligent customer service is increasingly used to reduce service costs and improve effi-
ciency, yet users often experience divergent outcomes, ranging from value co-creation to
value co-destruction. Using task—technology fit theory as the primary theoretical lens, this
study examines how the alignment between users’ service task requirements and intelligent
customer service capabilities is associated with divergent value outcomes. Within this
framework, cognitive load and perceived control are theorized as two localized psycho-
logical mechanisms, human—AlI trust as a conversion mechanism, and digital self-efficacy
as a boundary condition. Using two scenario-based experiments, we develop and test the
proposed model. Study 1 shows that participants in the high-fit condition reported higher
value co-creation and lower value co-destruction than those in the low-fit condition. The
results further reveal an asymmetric mechanism: cognitive load did not directly explain
value co-creation but was more strongly associated with value co-destruction, whereas
perceived control showed a broader association with both value outcomes. Study 2 extends
Study 1 by examining digital self-efficacy as a boundary condition and shows that the
conditional indirect association patterns vary across levels of digital self-efficacy. These
findings contribute to extending task—technology fit theory to post-use value formation and
provide cautious implications for intelligent customer service design and management.

Keywords: intelligent customer service; value co-creation; value co-destruction; task—technology
fit theory; digital self-efficacy

1. Introduction

Intelligent customer service refers to Al-based service robots that are capable of
interacting with users in natural language, autonomously understanding user needs, and
performing service tasks [1]. With the rapid development of artificial intelligence and
natural language processing technologies, intelligent customer service is increasingly
replacing human agents and has become an important means for firms to reduce service
costs, improve operational efficiency, and respond to customers at scale. In contemporary
digital service environments, intelligent customer service is no longer a supplementary tool
but has become a key interface through which users interact with firms. It is playing an
increasingly visible role in business operations and everyday digital service encounters [2],
while also emerging as a practical tool for cost reduction and service efficiency. According
to the 2025 New-Generation Artificial Intelligence Customer Service Market Research
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Report released by Hongxiong Al, China’s intelligent customer service market is expected
to exceed RMB 60 billion in 2025, and this market is projected to continue expanding in
the coming years. This rapid expansion makes it increasingly important to understand not
only whether users adopt intelligent customer service, but also how they experience it and
what value outcomes arise during actual interactions.

However, although intelligent customer service offers significant advantages in re-
ducing costs and improving efficiency, its service outcomes are not always satisfactory.
Different users may generate markedly different value outcomes. Some users are satisfied
with the efficient information delivery and decision support of intelligent customer service,
continue to use it, and co-create value with firms [3]. Others, by contrast, may feel frustrated
due to problems such as Al hallucinations, poor information quality, and a lack of empa-
thy [4,5], and may even abandon the service, ultimately resulting in value co-destruction.
This phenomenon of “the same technology but different perceptions” highlights the core
issue of user experience divergence in intelligent customer service. Such divergence indi-
cates that intelligent customer service may generate not only positive experiences but also
negative responses during user interactions. Therefore, the practical challenge for firms is
not simply how to deploy intelligent customer service, but how to ensure that such systems
create, rather than destroy, value in user interactions.

These practical concerns are also echoed in the service literature. In practice, Al-
enabled frontline technologies have been increasingly deployed to transform service en-
counters and improve service efficiency [6]. However, existing research suggests that
scholarly understanding of Al-driven frontline service encounters remains fragmented and
lacks sufficient coherence, leaving important questions about how such technologies should
be effectively implemented in service interactions [7]. This limitation is especially salient in
intelligent customer service contexts, where Al-enabled service interactions may generate
value co-creation, value co-destruction, or both, particularly when Al systems fail to meet
users’ needs or expectations [8]. Therefore, firms still need clearer guidance on how to
leverage intelligent customer service to enhance user experience, promote value co-creation,
and prevent value co-destruction. From a theoretical perspective, existing studies have
largely focused on the antecedents of intelligent customer service adoption, such as the
effects of perceived usefulness and perceived ease of use on adoption intention [9], or on
how the technological characteristics of intelligent customer service influence user satis-
faction [10]. In contrast, insufficient attention has been paid to the dynamic psychological
processes users experience during actual interactions with intelligent customer service and
to how these processes may lead to divergent value outcomes. Moreover, prior research
has largely overlooked the boundary role of individual digital self-efficacy in shaping these
processes [11].

To address these gaps, this study uses task—technology fit theory as the primary theo-
retical lens to explain why intelligent customer service may generate divergent value
outcomes. Perceived fit captures the extent to which the system’s response capabil-
ity aligns with users’ service task requirements during human-AlI interactions. Within
this fit-based framework, cognitive load and perceived control are conceptualized as
two localized psychological mechanisms: cognitive load reflects the information-processing
cost imposed by the interaction, whereas perceived control reflects users’ sense of agency
and controllability during the service process. Human-—AlI trust is further theorized as a
conversion mechanism through which these psychological experiences are linked to value
co-creation or value co-destruction. In addition, digital self-efficacy is introduced as a
boundary condition that explains why users may respond differently to the same intelligent
customer service condition.
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On this basis, this study makes several theoretical and practical contributions. The-
oretically, first, it extends task—-technology fit theory to the post-use value formation of
intelligent customer service by explaining how fit or misfit between user tasks and sys-
tem capabilities may be associated with divergent value outcomes. Second, it moves
beyond the dominant focus of prior research on adoption intention and technological at-
tributes by examining the psychological mechanisms that unfold during actual human-AlI
service interactions. Specifically, cognitive load and perceived control are positioned as
two localized mechanisms within the task-technology fit framework, while human—AI
trust is treated as a conversion mechanism that links users’ interaction experiences to value
co-creation or value co-destruction. Third, this study identifies digital self-efficacy as a
boundary condition that helps explain why users may respond differently to the same
intelligent customer service condition. Practically, this study suggests that firms should
not only improve the functional fit between intelligent customer service and users’ task
requirements, but also reduce unnecessary cognitive burden, preserve users’ perceived
control, and foster appropriate human-Al trust.

2. Theoretical Background and Hypothesis Development
2.1. Intelligent Customer Service, Value Co-Creation, and Value Co-Destruction

Service-dominant logic (S-D logic) distinguishes between two possible value out-
comes arising from interactions between users and firms: value co-creation and value
co-destruction [12,13]. In this study, these two constructs are examined as user-level value
outcomes reflected in post-interaction evaluations and behavioral intentions, rather than
directly observed long-term value behaviors. Value co-creation (VCC) refers to the joint cre-
ation of value through user—firm interactions and is reflected in favorable post-interaction
responses, such as user satisfaction, continued usage intention, and favorable word of
mouth [14]. By contrast, value co-destruction (VCD) refers to value diminution caused
by resource misuse or interaction failure and is manifested in negative post-interaction
responses, such as user frustration, complaints, negative word of mouth, and service dis-
continuance [15]. Together, these two value outcomes constitute the spectrum of value
formation in users’ interactions with intelligent customer service.

Although value co-creation and value co-destruction are both possible outcomes of
service interactions, prior research cautions against treating value co-destruction simply as
the reverse side of value co-creation. Instead, value co-destruction should be understood as
a distinct yet dynamically related value-formation process that may emerge through nega-
tive or insufficient service interaction experiences, such as service failure, emotional friction,
accumulated frustration, and active resistance during user-system interactions [16,17]. In
intelligent customer service contexts, this distinction is particularly important because
Al-enabled service encounters may simultaneously provide efficiency and convenience
while also generating misunderstanding, loss of control, distrust, and frustration. There-
fore, this study conceptualizes value co-creation and value co-destruction as two divergent
value trajectories that may be shaped by different psychological mechanisms rather than as
two symmetric endpoints on a single continuum.

Task-technology fit theory provides a useful theoretical lens for understanding value
outcomes in the use of intelligent customer service [18]. This theory posits that the extent to
which a technology can effectively support users in accomplishing service tasks depends on
the degree of fit between its functionalities and users’ task requirements. A high level of fit
generally leads to greater interaction efficiency and better task performance, whereas a low
level of fit is more likely to create use barriers and undermine service effectiveness [19,20].
When the functionalities of intelligent customer service are highly aligned with users’
task requirements, that is, when users perceive a high level of fit, they are more likely to
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believe that the system can effectively support task completion and thus enjoy a more
efficient and seamless interaction experience. On this basis, users are also more likely
to develop positive interactions with the system and, through continued use, facilitate
value co-creation [21]. Conversely, when the degree of fit is low, intelligent customer
service may fail to understand user intent, involve complex and disorganized interaction
processes, or fail to complete the task successfully. Under such circumstances, users are
more likely to experience negative emotions, evaluate the system less favorably, and
respond with discontinuance, complaints, or other negative reactions, thereby increasing
the likelihood of value co-destruction through failed interaction processes [22]. Differences
in task-technology fit thus constitute the logical starting point for the divergence of users’
value outcomes.

Integrating task—technology fit theory with the value formation perspective, perceived
fit can be regarded as a key starting condition for explaining the divergence in users’ value
outcomes. Higher perceived fit is expected to be associated with stronger value co-creation
and lower value co-destruction, whereas lower perceived fit is more likely to be associated
with value co-destruction. Accordingly, the following hypotheses are proposed:

H1. Perceived fit is significantly associated with value co-creation and value co-destruction.
Hla. Perceived fit is positively associated with value co-creation.

H1b. Perceived fit is negatively associated with value co-destruction.

2.2. Perceived Fit as the Primary Theoretical Anchor: The Efficiency—Autonomy Tension

Perceived fit serves as the primary theoretical anchor of this study. From the task—
technology fit perspective, fit does not simply mean that a technology is useful or easy to
use; rather, it captures whether the system’s capabilities match the specific requirements of
users’ service tasks [18-20]. In intelligent customer service encounters, this alignment is
critical because users rely on Al systems not only to obtain information but also to solve
problems such as returns, refunds, complaints, and service recovery. When the system
accurately understands users’ intentions and provides task-relevant responses, users are
more likely to experience the interaction as efficient, understandable, and manageable.
When the system misunderstands the task or traps users in repetitive interaction loops, the
same automated interface may increase cognitive burden, reduce perceived agency, and
produce negative value outcomes.

Importantly, the fit-value relationship should not be understood as a frictionless
positive sequence. Al-enabled service systems may reduce cognitive load by simplifying
procedures and automating responses, but excessive automation may also weaken users’
sense of control when the system restricts correction, offers limited explanations, or delays
access to human agents. Thus, the psychological process linking perceived fit to value
outcomes involves an efficiency—autonomy tension. This tension provides the basis for
examining cognitive load and perceived control as two localized psychological mechanisms,
and human-AlI trust as the conversion mechanism through which these experiences are
linked to value co-creation or value co-destruction.

2.3. The Mediating Role of Cognitive Load

Cognitive load is defined as the mental effort required for individuals to process and
respond to information [23]. Cognitive load theory suggests that the working memory
resources individuals rely on when processing new information are limited in both capac-
ity and duration [24]. In intelligent customer service, however, reduced cognitive load
should not be understood as an automatically positive experience. Cognitive ease and
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perceived control are analytically distinct but practically intertwined. A highly automated
system may reduce the effort required to complete a task, but if users cannot understand,
interrupt, correct, or override the system, reduced cognitive load may coexist with a weak-
ened sense of control. Therefore, cognitive load is treated as one localized mechanism
within the task-technology fit framework, rather than as a self-sufficient explanation of
value outcomes.

When the functionalities of intelligent customer service are highly aligned with users’
task requirements, the interaction process tends to be smooth and the information presented
clear, allowing users to complete tasks without expending excessive cognitive effort. Under
such circumstances, cognitive load remains at a relatively low level, enabling users to
allocate more cognitive resources to the task itself, which may support greater engagement,
better task performance, and more satisfactory experiences [25-27], thereby facilitating
value co-creation. By contrast, when the level of fit is low, users need to invest more
mental resources to understand system feedback and complete the task, which may weaken
their motivation and engagement and even induce negative reactions such as frustration
and disengagement [25]. As a result, value co-destruction and other negative behavioral
outcomes are more likely to occur. Based on this, the following hypotheses are proposed:

H2. Cognitive load mediates the relationship between perceived fit and value co-creation/value
co-destruction.

H2a. Perceived fit is positively associated with value co-creation through lower cognitive load.

H2b. Perceived fit is negatively associated with value co-destruction through lower cognitive load.

2.4. The Mediating Role of Perceived Control

In human-AlI interaction contexts, perceived control generally refers to individuals’
experience of control over their own actions and their outcomes during interactions with
technology, that is, the sense of agency subjectively perceived by users [28]. Perceived
control is one of the basic psychological needs of human beings [29]. When this need is
satisfied during the interaction process, individuals are more likely to develop intrinsic
motivation and positive emotional experiences, thereby enhancing their satisfaction with
and trust in the system and fostering positive behavioral intentions—that is, value co-
creation, such as favorable evaluations of intelligent customer service, willingness to
recommend it, and continued usage intention. In contrast, when perceived control is
threatened or deprived, users may experience frustration, anxiety, or even resistance, which
in turn may induce negative behavioral intentions—namely, value co-destruction—such as
complaints, negative word of mouth, avoidance, or even discontinuance of use. In other
words, perceived control helps explain how users evaluate the agency implications of
intelligent customer service. High perceived control may support constructive engagement
when users feel that the automated process remains understandable, influenceable, and
reversible. Low perceived control, by contrast, may increase the likelihood of withdrawal,
complaint, or resistance when users feel constrained by the system. Thus, perceived control
is not simply the opposite of cognitive load; rather, it captures a distinct agency-based
experience that may either complement or conflict with efficiency-oriented automation.
Based on this agency-based logic, the following hypotheses are proposed:

H3. Perceived control mediates the relationship between perceived fit and value co-creation/value
co-destruction.

H3a. Perceived fit is positively associated with value co-creation through higher perceived control.
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H3b. Perceived fit is negatively associated with value co-destruction through higher perceived control.

2.5. The Chain Mediating Role of Human—AlI Trust

According to automation trust theory, users’ trust in a system is built on their evalua-
tion of its performance. However, human-AlI trust should not be understood as a stable
or purely linear mechanism. Recent research on appropriate reliance and trust dynam-
ics suggests that users may either over-rely on Al systems when trust exceeds system
reliability or insufficiently rely on AI recommendations when trust falls below system
capability [30,31]. Such trust miscalibration may lead to two different responses. On the
one hand, automation bias reflects users” excessive reliance on Al-generated outputs; on
the other hand, algorithm aversion reflects users’ tendency to avoid or resist algorithmic
recommendations after experiencing errors [32,33]. These insights are particularly relevant
to intelligent customer service because perceived fit may encourage appropriate reliance by
signaling system competence, whereas lower perceived fit may be associated with distrust,
frustration, and resistance. Therefore, human-AlI trust is conceptualized in this study not as
a simple positive mediator, but as a conversion mechanism through which cognitive load
and perceived control are translated into either value co-creation or value co-destruction.
When a system helps users accomplish tasks efficiently at a low cognitive cost, users tend to
attribute such a smooth experience to the system’s professionalism and reliability, thereby
enhancing human-AlI trust [34]. Similarly, users’ positive perceptions of the system’s flu-
ency, controllability, and competence during the interaction process may be translated into
favorable judgments of its reliability and dependability, which in turn strengthen human-
Al trust [35]. Building on automation trust theory, users may make a “performance—effort”
trade-off when deciding how much system assistance to accept [36]. In intelligent customer
service, however, accepting system assistance does not necessarily mean relinquishing
perceived control. When the system’s support is transparent, task-relevant, and correctable,
users may allow the system to handle routine procedures while still maintaining a sense of
agency over the interaction. In this case, perceived control is not weakened; rather, users
experience the system’s assistance as controllable and competence-enhancing. Therefore,
perceived control may strengthen human-Al trust by allowing users to feel that the system
is both capable and manageable.

Accordingly, human-Al trust is treated as a conversion mechanism rather than a purely
positive mediator. It represents a psychological link through which users’ experiences of
efficiency and agency are associated with different forms of post-interaction response. When
users interpret low cognitive burden and retained control as signals of system competence
and reliability, trust may support constructive engagement and value co-creation. When
cognitive effort increases, control is weakened, or trust becomes miscalibrated, users may
withdraw from the interaction, complain, resist the system, or discontinue use, thereby
increasing the likelihood of value co-destruction. This logic does not assume a frictionless
chain from fit to positive outcomes; instead, it emphasizes that trust formation depends
on how users interpret the balance between automation efficiency and perceived agency.
Based on the above analysis, this study proposes the following hypotheses:

H4. Cognitive load and human—Al trust jointly play a chain mediating role in the relationship
between perceived fit and value outcomes.

H4a. Perceived fit in intelligent customer service is positively associated with value co-creation
through lower cognitive load and stronger human—Al trust.

H4b. Perceived fit in intelligent customer service is negatively associated with value co-destruction
through lower cognitive load and stronger human—Al trust.

https:/ /doi.org/10.3390/jtaer21070225


https://doi.org/10.3390/jtaer21070225

J. Theor. Appl. Electron. Commer. Res. 2026, 21, 225 7 of 27

HS5. Perceived control and human—Al trust jointly play a chain mediating role in the relationship
between perceived fit and value outcomes.

H5a. Perceived fit in intelligent customer service is positively associated with value co-creation
through higher perceived control and stronger human—AlI trust.

H5b. Perceived fit in intelligent customer service is negatively associated with value co-destruction
through higher perceived control and stronger human—Al trust.

2.6. The Moderating Role of Digital Self-Efficacy

Digital self-efficacy (DSE), rooted in self-efficacy theory, refers to individuals’ con-
fidence in and perceived capability to use digital technologies to accomplish tasks [11].
In interactions with intelligent customer service, users with high DSE possess stronger
information-processing abilities and greater confidence in coping with technology, enabling
them to handle system feedback more efficiently and adapt more quickly to the pace of
interaction. Therefore, for users with high DSE, the negative association between perceived
fit and cognitive load is expected to be more pronounced. Even when the level of perceived
fit is low, they are better able to mobilize cognitive resources to cope with interaction
barriers, thereby mitigating the negative impact of cognitive burden. Accordingly, the
following hypothesis is proposed:

Hé6. Digital self-efficacy moderates the association between perceived fit and cognitive load. Specifi-
cally, for users with high DSE, the negative association between perceived fit and cognitive load in
intelligent customer service is more pronounced.

Control-related changes and their effects on trust are more complex in intelligent
customer service. In this study, perceived control does not mean that users must manually
control every step of the service process. Rather, it refers to users’ subjective sense that the
interaction remains understandable, influenceable, and reversible. In Al-enabled service
interactions, users may allow the system to handle routine operations while still feeling in
control if the process is transparent, task-relevant, and allows correction, interruption, or
transfer to a human agent when necessary. Therefore, controllable assistance should not be
interpreted as a loss of perceived control, but as a form of control experience that emerges
when users voluntarily rely on a competent system while retaining perceived agency over
the interaction.

Users with high digital self-efficacy are more capable of evaluating whether system
agency can help them complete the task efficiently. When the intelligent customer service
system fits their task requirements, high-DSE users are more likely to interpret system
assistance as controllable and competence-enhancing, thereby reporting stronger perceived
control and greater human—AI trust. By contrast, users with low DSE may be less able to
evaluate or manage system agency and may therefore experience weaker perceived control
even under similar service conditions. Accordingly, the following hypothesis is proposed:

H7. Digital self-efficacy moderates the association between perceived fit and perceived control.
Specifically, for users with high DSE, the positive association between perceived fit and perceived
control in intelligent customer service is more pronounced.

These moderation patterns are further expected to be reflected in the conditional
indirect association paths. Along the cognitive load path, users with high DSE are better
able to translate reductions in cognitive load into recognition of the system’s competence
and greater trust, thereby being associated with stronger value co-creation and lower value
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co-destruction. Along the perceived control path, users with high DSE are more likely
to interpret the enhancement of perceived control as a signal of the system’s reliability,
thereby being associated with stronger conditional indirect association patterns along
the “perceived fit — perceived control — human—AlI trust — value co-creation/value
co-destruction” path. Accordingly, the following hypotheses are proposed:

H8. Digital self-efficacy moderates the chain path of “perceived fit — cognitive load — human—Al
trust — value co-creation/value co-destruction.”

H9. Digital self-efficacy moderates the chain path of “perceived fit — perceived control — human—
Al trust — value co-creation/value co-destruction.”

Based on the above hypotheses, this study proposes the following theoretical frame-
work, as shown in Figure 1.

main effects tested

Hla R :
Cognitive load Value co-creation

(CL) % Hda (VCO)
Human-AI trust

Study 1 Direct effect and dual-path mediation

Random assignment
Low- vs. high-fit

condition

(GROUP) (TR) -
- 1 Perceived control H3 H5a Value co-destruction
; ; (PC) 3 (VCD)
¥ ‘

TTF scale

Hl1b

Manipulation check only

) Study 2 extends Study 1 by adding DSE

Study 2 Moderated chain mediation: adding Digital Self-Efficacy H§
Digital = ,
self-efficacy Cognitive load H2b | H4b vCcC
- (DSE) (€L \ J
Low- vs. high-fit Huma(lfr—lg\)l .
condition | GROUPxDSE , /
(GROUP) first-stage Percew;x(i: control Wb ! H5b VeD
moderation PO H

hypothesized path check / extension / direct-effect test ~ ------ + moderation path

Figure 1. Research model.

3. Study 1: The Dual-Path Mechanism Linking Perceived Fit to Users’
Value Outcomes

Study 1 examines whether experimentally manipulated fit condition is associated
with systematic differences in users’ post-scenario psychological evaluations, including
cognitive load, perceived control, and human-AlI trust, as well as value-related behavioral
intentions, including value co-creation and value co-destruction. It also examines whether
these associations are consistent with the theoretically proposed mediating and serial
mediating roles of cognitive load, perceived control, and human-AlI trust.

3.1. Pilot Study
3.1.1. Participants and Procedure

The purpose of the pilot study was to examine whether the scenario manipulation
of the core independent variable, perceived fit, operationalized through two randomly
assigned experimental conditions (1 = high-fit condition, 0 = low-fit condition), was success-
ful. A one-way analysis of variance (ANOVA) was conducted, with experimental condition
as the independent variable.

The pilot study questionnaire was distributed and collected through the online survey
platform Wenjuanxing. First, all participants were randomly assigned to either the high-fit
condition or the low-fit condition. They were then guided to imagine the following scenario
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of interacting with intelligent customer service: “You purchased a coat in a livestreaming
room on an e-commerce platform. After receiving the product, you found that the coat
had obvious quality problems. You would like to apply for a return or exchange and seek
help through the customer service portal in the livestreaming room.” Next, participants
in each group were asked to read the corresponding scenario materials. After reading
the scenario, they were required to complete the task-technology fit scale (TTF) based on
their actual feelings. The scale consisted of four items adapted from the study of Goodhue
and Thompson [37], with a sample item being: “I feel that the functions of this intelligent
customer service system can meet my needs”. All items were measured on a seven-point
Likert scale (1 = strongly disagree, 7 = strongly agree). Finally, participants provided
basic demographic information. A total of 162 valid questionnaires were collected in the
pilot study, including 81 participants in the low-fit condition and 81 participants in the
high-fit condition.

3.1.2. Pilot Study Results

Descriptive statistics showed (Figure 2) that participants in the high-fit condition
reported a significantly higher score on task-technology fit (M = 5.03, SD = 1.32) than those
in the low-fit condition (M = 3.04, SD = 1.40). The ANOVA results further indicated a highly
significant difference between the two groups in task—technology fit, F(1, 160) = 86.41,
p <0.001, n? =0.35. According to Cohen’s (1988) criteria, this effect size can be classified as
large (n? > 0.14), suggesting that the scenario materials were highly effective in manipu-
lating the independent variable, perceived fit [38]. In addition, the test of homogeneity of
variance showed that Levene’s test was not significant (p = 0.617 > 0.05), indicating that the
assumption of homogeneity of variance was satisfied and further supporting the reliability
of the analysis results.

Low Perceived Fit Group (0) High Perceived Fit Group (1)
% Low Perceived Fit Group (0) # High Perceived Fit Group (1)

Figure 2. One-way ANOVA of perceived fit.

In summary, the pilot study results indicate that the scenario materials developed in
this study were effective in manipulating participants’ perceived fit and can, therefore, be
used in the formal experiment.

3.2. Main Study
3.2.1. Study 1 Experimental Design and Procedure

The target population of the main study consisted of individuals who had prior expe-
rience using intelligent customer service. Before the formal data collection, the minimum
required sample size was estimated using G*Power 3.1. An independent-samples t-test
was selected (large effect size d = 0.8, ot = 0.05, statistical power = 0.80), and the minimum
total sample size was calculated to be 142. Online samples were then collected through the
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Wenjuanxing platform, resulting in 256 valid questionnaires and an effective response rate
of 96.60%. In terms of gender, 45.7% of the participants were male and 54.3% were female.
In terms of the frequency of intelligent customer service use, 27.0% of the participants
had used intelligent customer service 1-5 times in the past six months, 43.4% had used it
6-10 times, and 29.7% had used it more than 10 times. The study procedure was as follows.

The main study was also conducted through the Wenjuanxing platform for question-
naire distribution and collection. First, all participants were randomly assigned to either the
high-fit condition (n = 135) or low-fit condition (n = 121). It should be noted that perceived
fit in this study was operationalized as a randomly assigned experimental condition rather
than as a post-vignette self-reported predictor. Specifically, the scenarios manipulated the
objective alignment between users’ service task requirements and the intelligent customer
service system’s response capability. In the high-fit condition, the system accurately un-
derstood the user’s request and provided effective task support, whereas in the low-fit
condition, the system misunderstood the user’s intention and increased the complexity
of task completion. The post-vignette task—technology fit measure was used only as a
manipulation check to verify whether the scenario successfully induced different levels
of perceived fit. Thus, the focal independent variable in the structural model was the
randomly assigned experimental condition, not participants’” post-vignette subjective per-
ceived fit ratings. This design helps reduce concerns associated with using a post-scenario
subjective perception as the main predictor and strengthens the interpretation that the
experimental condition shaped participants” subsequent psychological evaluations and
behavioral intentions.

Participants were then asked to imagine the following scenario of interacting with
intelligent customer service: “You purchased a coat in a livestreaming room on an e-
commerce platform. After receiving the product, you found that the coat had obvious
quality problems. You would like to apply for a return or exchange and seek help through
the customer service portal in the livestreaming room”. Next, participants in each group
were asked to read the corresponding scenario materials. After that, they were required to
complete a questionnaire based on their actual feelings, including measures of cognitive
load (& = 0.973), perceived control (x = 0.952), human-AlI trust (« = 0.970), value co-creation
(o = 0.905), and value co-destruction (o = 0.883). Specifically, cognitive load was measured
with six items adapted from Hong et al. [39]; perceived control was measured with four
items adapted from the perceived control scale developed by Collier and Barnes (2015) [40],
with contextual revisions based on recent chatbot applications such as Lubbe (2025) [41];
the five items measuring human-AI trust were contextually adapted from the scales used
by Hu et al. (2010), Alagarsamy and Mehrolia (2023), and other scholars [42,43]; the four
items measuring value co-creation were adapted from the work of Yang (2018) and other
scholars [44]; and value co-destruction was measured with four items based on the work of
Vargo and Lusch (2008) and other scholars [45]. All items in this study were measured on
a seven-point Likert scale (1 = strongly disagree, 7 = strongly agree). Finally, participants
provided their basic demographic information.

3.2.2. Study 1 Results
1.  Measurement Model, Reliability, and Validity

A confirmatory factor analysis was conducted to assess the measurement model
(Table 1). The six-factor model included task—technology fit, cognitive load, perceived
control, human-Al trust, value co-creation, and value co-destruction. The model showed
an acceptable fit to the data: %2(309) = 721.864, CFI = 0.963, TLI = 0.958, RMSEA = 0.072,
and SRMR = 0.022. All standardized factor loadings were statistically significant, ranging
from 0.634 to 0.966. Composite reliability (CR) values ranged from 0.884 to 0.978, exceeding
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the recommended threshold of 0.70. Average variance extracted (AVE) values ranged
from 0.660 to 0.919, exceeding the recommended threshold of 0.50, thereby supporting
convergent validity.

Table 1. Reliability and convergent validity of the constructs in Study 1.

Construct Items Standardized Factor Loadings CR AVE
Task—-technology fit (TTF) TTF1-TTF4 0.936-0.966 0.978 0.919
Cognitive load (CL) CL1-CL6 0.888-0.956 0.973 0.857
Perceived control (PC) PC1-PC4 0.893-0.934 0.952 0.835
Human-AI trust (TR) TR1-TR5 0.900-0.953 0.970 0.865
Value co-creation (VCC) VCC1-VCC4 0.686-0.944 0.905 0.717
Value co-destruction (VCD) VCD1-VCD4 0.634-0.910 0.883 0.660

2. Manipulation Check

To ensure the effectiveness of the manipulation of the core independent variable,
perceived fit, this study used task—-technology fit as the key criterion variable and conducted
a one-way analysis of variance (ANOVA) between the high-fit condition (GROUP = 1) and
the low-fit condition (GROUP = 0). The results showed that participants in the high-fit
condition scored significantly higher on task—technology fit (M = 5.74, SD = 0.75) than those
in the low-fit condition (M = 2.03, SD = 0.84), with a significant between-group difference,
F(1, 254) = 1387.132, p < 0.001, n? = 0.845. The mean difference between the two groups was
3.71. These results indicate that the two intelligent customer service scenarios designed in
this study successfully induced differences in users’ core perceptions of task—technology fit,
confirming that the manipulation of perceived fit was effective.

3. Main Effects

Using perceived fit in intelligent customer service, operationalized as the randomly
assigned experimental condition (1 = high-fit condition, 0 = low-fit condition), as the
independent variable, one-way analyses of variance (ANOVAs) were conducted sepa-
rately with value co-creation and value co-destruction as the dependent variables. The
results showed that perceived fit had a significant main effect on value co-creation,
F(1, 254) = 503.25, p < 0.001, partial n? = 0.665, and also a significant main effect on
value co-destruction, F(1, 254) = 494.88, p < 0.001, partial n% = 0.661. Further analyses
showed that participants in the high-fit condition reported a significantly higher level
of value co-creation (M = 5.51, SD = 0.79) than those in the low-fit condition (M = 2.89,
SD = 1.07), with a difference of 2.619 points, p < 0.001. In contrast, participants in the
high-fit condition reported a significantly lower level of value co-destruction (M = 2.47,
SD = 0.89) than those in the low-fit condition (M = 4.96, SD = 0.91), with a difference of
2.496 points, p < 0.001.

These results provide evidence that the experimentally manipulated fit condition was
associated with systematic differences in users’ value-related responses. Compared with
participants in the low-fit condition, those in the high-fit condition reported higher value
co-creation and lower value co-destruction. Therefore, H1, Hla, and H1b were supported.

4. Mediation Analysis

To examine the indirect association patterns through which perceived fit was linked
to value co-creation and value co-destruction, mediation analyses were conducted using
PROCESS Macro (Model 80; Hayes, 2022) [46]. The number of bootstrap resamples was set
at 5000, and 95% confidence intervals for the indirect effects were calculated. The results
are presented in Tables 2 and 3.
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Table 2. Mediation analysis of the effect of perceived fit in intelligent customer service on value
co-creation (1 = 256).

Path Effect BootSE  95% Bootstrap CI
Total indirect effect 3.1016 0.2570 [2.6067, 3.6148]

Direct effect —0.4824  0.2628 [—0.9999, 0.0352]

Perceived fit — Cognitive load — Value co-creation —0.0976  0.3298 [—0.6889, 0.5973]
Perceived fit — Perceived control — Value co-creation 1.0201 0.2738 [0.4585, 1.5458]
Perceived fit — Human-AI trust — Value co-creation 0.5220 0.1717 [0.1839, 0.8601]
Perceived fit — Cognitive load — Human-AlI trust — Value co-creation = 1.2671 0.2754 [0.7749, 1.8680]
Perceived fit — Perceived control — Human-AlI trust — Value co-creation  0.3900 0.1517 [0.0793, 0.6779]

Table 3. Mediation analysis of the effect of perceived fit in intelligent customer service on value
co-destruction (n = 256).

Path Effect BootSE  95% Bootstrap CI
Total indirect effect —2.5994  0.3032 [—3.2523, —2.0593]

Direct effect 0.1031 0.3196 [—0.5265, 0.7326]
Perceived fit — Cognitive load — Value co-destruction —1.4294  0.4005 [—2.2436, —0.6786]
Perceived fit — Perceived control — Value co-destruction —0.6175 0.3311 [—1.3102, —0.0150]
Perceived fit — Human-AI trust — Value co-destruction —0.1324  0.0925 [—0.3571, —0.0056]
Perceived fit — Cognitive load — Human—-AlI trust — Value co-destruction = —0.3213  0.1621 [—0.6656, —0.0333]
Perceived fit — Perceived control — Human—AlI trust — Value co-destruction —0.0989  0.0705 [—0.2686, —0.0003]

Using value co-creation as the dependent variable, the total effect of perceived fit
on value co-creation was 2.619, with a 95% confidence interval (CI) of [2.456, 3.118]; the
direct effect was —0.482, with a 95% CI of [—0.999, 0.035]; and the total indirect effect was
3.102, with a 95% CI of [2.607, 3.615]. Among these effects, the confidence intervals for both
the total effect and the total indirect effect did not include zero, whereas the confidence
interval for the direct effect included zero, indicating that the effect of perceived fit on value
co-creation was fully mediated. Regarding the specific paths, among the simple mediation
paths, the indirect effect of perceived fit on value co-creation through perceived control
was significant (effect = 1.020, 95% CI = [0.459, 1.546]), and the indirect effect through
human-AlI trust was also significant (effect = 0.522, 95% CI = [0.184, 0.860]), whereas
the indirect effect through cognitive load was not significant (95% CI = [—0.689, 0.597]).
Among the chain mediation paths, the indirect effect of perceived fit on value co-
creation through “cognitive load — human-Al trust” was significant (effect = 1.267,
95% CI = [0.775, 1.868]), and the indirect effect through “perceived control — human-
Al trust” was also significant (effect = 0.390, 95% CI = [0.079, 0.678]). These findings suggest
that, in the value co-creation path, cognitive load did not exhibit a significant simple medi-
ating effect but mainly operated through the chain path of “cognitive load — human-AlI
trust”. This indicates that lower cognitive load alone is insufficient to automatically trans-
late into positive value outcomes; only when lower cognitive load is further interpreted
by users as a signal of the system’s competence, reliability, and dependability can it pro-
mote value co-creation through enhanced human-AlI trust. By contrast, perceived control
not only exerted a significant simple mediating effect, but also further influenced value
co-creation through human—AI trust. This suggests that the formation of positive value
outcomes driven by perceived fit in intelligent customer service is not directly promoted by
a single psychological mechanism but rather depends on the further transformation from
cognitive experience to trust judgment. Accordingly, H2a was not supported, whereas
H3a, H4a, and H5a were supported. This finding indicates that cognitive load does not
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translate into value co-creation in a simple or direct way but works mainly through users’
trust judgments.

Using value co-destruction as the dependent variable, the total indirect effect of
perceived fit on value co-destruction was —2.599, with a 95% confidence interval (CI) of
[—3.252, —2.059], whereas the direct effect was 0.103, with a 95% CI of [—0.527, 0.733].
The confidence interval for the total indirect effect did not include zero, whereas the
confidence interval for the direct effect included zero, indicating that the effect of perceived
fit on value co-destruction was fully mediated. Regarding the specific paths, among the
simple mediation paths, the indirect effect of perceived fit on value co-destruction through
cognitive load was significantly negative (effect = —1.429, 95% CI = [-2.244, —0.679]), the
indirect effect through perceived control was also significantly negative (effect = —0.618,
95% CI = [-1.310, —0.015]), and the indirect effect through human—AlI trust was likewise
significantly negative (effect = —0.132, 95% CI = [-0.357, —0.006]). Accordingly, H2b and
H3b were supported. Among the chain mediation paths, the indirect effect of perceived
fit on value co-destruction through “cognitive load — human-AlI trust” was significantly
negative (effect = —0.321, 95% CI = [-0.666, —0.033]), and the indirect effect through
“perceived control — human-Al trust” was also significantly negative (effect = —0.099, 95%
CI =[—-0.269, —0.0003]). Therefore, H4b and H5b were supported.

3.2.3. Discussion of Study 1

Study 1 successfully manipulated perceived fit and showed that experimentally in-
duced fit condition was associated with systematic differences in users’ post-scenario
psychological evaluations and value-related responses. Participants in the high-fit condi-
tion reported higher value co-creation and lower value co-destruction than those in the
low-fit condition. Importantly, these results should not be interpreted as evidence that value
co-creation and value co-destruction are simply reversible outcomes. Although the high-fit
condition was associated with higher value co-creation and lower value co-destruction,
the underlying paths were not identical. Cognitive load did not directly explain value
co-creation but showed a stronger association with value co-destruction, whereas perceived
control showed a more consistently constructive role across both outcomes. More impor-
tantly, Study 1 suggests that value divergence in intelligent customer service does not
unfold through a single, symmetrical psychological process, but is linked to two distinct
paths: cognitive load and the experience of control. The large effect sizes in Study 1 indicate
that the scenario manipulation created a clear contrast between the high-fit and low-fit
conditions. However, because cognitive load, perceived control, human-AlI trust, value
co-creation, and value co-destruction were measured after the same scenario exposure, the
serial ordering among these variables should be interpreted as theoretically specified rather
than temporally established. Thus, Study 1 provides evidence that the manipulated fit con-
dition was associated with post-scenario psychological and value-related responses, while
stronger claims about the temporal ordering of the mediators require future longitudinal or
field-based evidence.

Specifically, along the cognitive load path, perceived fit did not directly support value
co-creation merely through lower cognitive load; rather, the results were more consistent
with the chain path of “cognitive load — human—AI trust”. In contrast, along the value
co-destruction path, cognitive load was associated with value co-destruction both directly
and indirectly through human—AI trust. Along the control experience path, perceived
control was associated with both value co-creation and value co-destruction, and these
associations were further linked to human-AlI trust. These findings indicate that human-AI
trust plays a critical transforming role in both paths.
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Overall, Study 1 suggests that value co-creation and value co-destruction in intelligent
customer service are not simply opposite outcomes of the same psychological mechanism,
but rather a process of value divergence jointly shaped by cognitive load and the experience
of control in an asymmetric manner. On this basis, Study 2 further introduces digital self-
efficacy to examine the boundary conditions of this mechanism.

4. Study 2: The Contingent Mechanism Linking Perceived Fit to Users’
Value Outcomes: The Moderating Role of Digital Self-Efficacy

4.1. Study 2 Experimental Design and Procedure

Study 2 aims to examine the moderating role of digital self-efficacy in the dual-path
chain mediation model linking perceived fit to users’ value outcomes through cognitive
load/perceived control and human-AlI trust, that is, to explore the boundary conditions of
individual heterogeneity in this mechanism. This study employed a single-factor, two-level
between-subjects design (high-fit condition vs. low-fit condition), with digital self-efficacy
treated as a continuous moderating variable. The independent variable was therefore
treated as an experimentally manipulated condition rather than as a post-vignette self-
reported predictor. Study 2 adopted the same manipulation logic and scenario materials
validated in Study 1 but did not include a separate task—technology fit manipulation-check
scale. Accordingly, perceived fit was operationalized through the randomly assigned
scenario condition, and the moderated mediation analyses were based on the experimen-
tal condition rather than on participants’ subjective post-scenario fit ratings. Accord-
ingly, all hypotheses in Study 2 are interpreted as associative relationships derived from
scenario-based experimental evidence rather than as definitive causal effects or temporal
process confirmations.

Study 2 was designed as an extension of Study 1 rather than as a fully independent
replication. Specifically, Study 1 tested the basic dual-path mechanism linking fit condition
to value outcomes through cognitive load, perceived control, and human—Al trust. Study
2 used the same validated scenario logic to hold the core fit manipulation constant while
introducing digital self-efficacy as a pre-measured boundary condition. This design was
suitable for examining whether individual differences in digital self-efficacy changed users’
psychological responses to the same fit or misfit condition. Thus, the purpose of Study
2 was not to claim an independent replication of Study 1, but to examine the conditional
nature of the proposed process model.

In terms of stimulus materials, Study 2 adopted the scenario materials that had been
successfully validated in Study 1. Based on both the pilot study and the formal experiment
in Study 1, the scenario materials that effectively induced perceptual differences among
participants were selected: participants in the high-fit condition read a scenario in which
the intelligent customer service system accurately understood users’ needs and resolved
problems smoothly, whereas participants in the low-fit condition read a scenario in which
the intelligent customer service system misunderstood users’ intentions and the interaction
process was complex and confusing. The form of the scenario materials remained consistent
with that used in Study 1, namely, written descriptions that guided participants to imagine
a specific conversational interaction with intelligent customer service, so as to ensure
comparability between the two experiments.

With regard to the experimental procedure, Study 2 generally followed the same proce-
dure as Study 1. First, digital self-efficacy was measured before the scenario manipulation
to reduce potential contamination from the experimental scenario (« = 0.874). The digital
self-efficacy scale was adapted from Kim et al. [11] and included three items, such as “I
believe that I can easily learn how to use intelligent customer service.” Participants were
then randomly assigned to either the high-fit condition (n = 163) or the low-fit condition
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(n = 165) and were asked to read the corresponding scenario materials. After reading
the scenario, participants completed the questionnaire based on their own feelings. The
questionnaire included measures of cognitive load (o« = 0.971), perceived control (x = 0.794),
human-AI trust (« = 0.967), value co-creation (x = 0.912), and value co-destruction
(e = 0.846). All items were measured on a seven-point Likert scale (1 = strongly disagree,
7 = strongly agree). Finally, participants provided their basic demographic information,
including gender, age, occupation, education level, and frequency of intelligent customer
service use.

The main study targeted consumers who had prior experience using intelligent cus-
tomer service. Considering the possibility of invalid questionnaires in the process of online
data collection, this study collected a total of 350 questionnaires through the Wenjuanxing
platform. After screening, 328 valid questionnaires were retained, yielding an effective
response rate of 93.7%. In the sample, 40.85% of the participants were male and 59.15%
were female. Participants were mainly between 26 and 45 years old, with 58.5% aged 26-35
and 25.0% aged 36-45. The sample was relatively well educated, with 76.2% holding a
bachelor’s degree and 6.7% holding a master’s degree or above. In terms of the frequency
of intelligent customer service use, 66.8% of the participants had used intelligent customer
service six times or more in the past six months, indicating that the sample had a solid
foundation of user experience with intelligent customer service.

4.2. Study 2 Results
4.2.1. Measurement Model, Reliability, and Validity

Before testing the hypothesized moderated mediation model, a confirmatory fac-
tor analysis was conducted to assess the measurement model (Table 4). The six-factor
model included digital self-efficacy, cognitive load, perceived control, human-AI trust,
value co-creation, and value co-destruction. The model fit was partially acceptable:
x2(284) = 1368.602, CFI = 0.905, TLI = 0.891, and SRMR = 0.096. All standardized fac-
tor loadings were statistically significant. Composite reliability (CR) values ranged from
0.850 to 0.960, exceeding the recommended threshold of 0.70. Average variance extracted
(AVE) values ranged from 0.580 to 0.858, exceeding the recommended threshold of 0.50,
thereby supporting convergent validity. To further assess potential common method
variance and construct distinctiveness, we compared the proposed six-factor measure-
ment model with a one-factor model in which all self-reported items were loaded onto
a single latent factor. The results showed that the one-factor model exhibited poor fit,
x%(299) = 2409.052, CFI = 0.814, TLI = 0.798, RMSEA = 0.147, and SRMR = 0.098, and was
substantially poorer than the proposed six-factor model. Taken together, the factor loadings,
reliability coefficients, AVE values, and the comparison with the one-factor model provide
support for the empirical distinctiveness of the constructs, reducing the concern that the
observed relationships were solely driven by common method variance.

Table 4. Reliability and convergent validity of the constructs in Study 2.

Construct Items Standardized Factor Loadings Cronbach’s « CR AVE

Digital self-efficacy (DSE) DSE1-DSE3 0.636-0.895 0.874 0.850 0.659
Cognitive load (CL) CL1-CLé6 0.632-0.894 0.971 0.891 0.580
Perceived control (PC) PC1-PC4 0.900-0.936 0.794 0.956 0.845
Human-AI trust (TR) TR1-TR5 0.884-0.945 0.967 0.958 0.820
Value co-creation (VCC) VCC1-VCC4 0.893-0.945 0.912 0.960 0.858
Value co-destruction (VCD) VCD1-VCD4 0.788-0.926 0.846 0.937 0.789
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4.2.2. Moderation Analysis

To examine the moderating role of digital self-efficacy (DSE) in the two parallel paths,
namely, the cognitive load path and the perceived control path, moderation analyses were
conducted separately with cognitive load and perceived control as the dependent variables.
The results are presented in Table 5.

Table 5. Moderating effects of digital self-efficacy on the dual-path mechanisms.

Path GROUP x DSE Conditional Effect Bootstrap 95% CI
Low DSE: —2.287 *** [—2.840, —1.734]
GROUP x DSE — CL B =—-0.555, p < 0.001 Medium DSE: —3.464 *** [—3.671, —3.257]
High DSE: —3.834 *** [—4.060, —3.607]
Low DSE: 1.509 *** [0.884, 2.133]
GROUP x DSE — PC B =10.663, p <0.001 Medium DSE: 2.915 *** [2.681, 3.148]
High DSE: 3.357 *** [3.101, 3.612]

Note: *** p < 0.001.

The results showed that the interaction term for the cognitive load path
(GROUP x DSE — CL) was statistically significant (B = —0.555, p < 0.001). Simple slope
patterns indicate that the association between fit condition and cognitive load varied across
levels of digital self-efficacy. Specifically, the negative association between fit condition and
cognitive load showed increasing magnitude from low to high DSE (conditional association
estimates increased from —2.287 to —3.834). The interaction term for the perceived control
path (GROUP x DSE — PC) was also statistically significant (B = 0.663, p < 0.001). The
positive association between fit condition and perceived control also showed increasing
magnitude across levels of DSE, with conditional association estimates increasing from
1.509 to 3.357. These patterns are consistent with H6 and H7, respectively. To reduce
concerns about multicollinearity, we computed variance inflation factors (VIFs) for all
predictors in the first-stage models; all VIFs were below 2.5, indicating that the regression
coefficient estimates were unlikely to be seriously affected by multicollinearity.

After examining the conditional associations between fit condition and the two first-
stage psychological variables, the study further examined whether the proposed conditional
indirect association patterns were observed in the full serial mediation framework.

4.2.3. Moderated Serial Mediation Analysis

We further tested the full moderated serial mediation model using PROCESS Model
83 (Table 6). Before including the mediators, the total association between GROUP and
value co-creation was significantly positive, B = 2.659, SE = 0.099, t = 26.807, p < 0.001, 95%
CI [2.464, 2.854], R? = 0.688, F(1, 326) = 718.613, p < 0.001. The total association between
GROUP and value co-destruction was significantly negative, B = —1.991, SE = 0.110,
t = —18.147, p < 0.001, 95% CI [-2.207, —1.775], R? = 0.503, F(1, 326) = 329.321, p < 0.001.
After the serial mediation paths were included in the full models, the direct associations
between GROUP and value co-creation and value co-destruction were no longer significant.
This pattern is consistent with the proposed psychological process framework, suggesting
that the association between fit condition and value outcomes was statistically explained to
a considerable extent by cognitive load, perceived control, and human—AI trust. However,
the observed patterns should be interpreted as conditional psychological associations
rather than strict process confirmations. To improve the transparency and replicability of
the moderated chain mediation analyses, the complete regression results are reported in
the Supplementary Materials, including the regression equations for each mediator and
dependent variable, full path coefficients, standard errors, t values, p-values, confidence
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intervals, R? values, F statistics, direct effects, total effects, conditional indirect effects, and
indices of moderated mediation. The results of the conditional indirect effects are presented
in Table 6, and the complete regression results are provided in Supplementary Tables S1-55.

Table 6. Conditional indirect effects of fit condition on value outcomes across different levels of

digital self-efficacy.
Dependent Conditional o Index of Moderated
Variable Path DSE Level Indirect Effect Bootstrap 95% CI Mediation [95% CI]
GROUP x DSE s Low (3.55) 0.751 [0.4599, 1.1283] Index = 01822
CL TR s Ve Medium (5.67) 1.137 [0.8415, 1.5172] 10,0931, 0.2760]
vee - AR High (6.33) 1.258 [0.9358, 1.6631] WIOL
GROUP x DSE s Low (3.55) 0.447 [0.2276, 0.7424] Index = 01965
e TR VEC Medium (5.67) 0.864 [0.6040, 1.2094] [0.0871, 0.3282]
AR High (6.33) 0.995 [0.6895, 1.3960] T
GROUP x DSE s Low (3.55) —0.433 [—0.6984, —0.2286] Index — 01051
oL s TR VeD Medium (5.67) —0.656 [-0.9647, 038661 "0 G oan]
VD — IR High (6.33) —0.726 [—1.0615, —0.4282] 9L, U
GROUP x DSE s Low (3.55) —0.223 [—0.4327, —0.0892] Index — 0,098
PC TR - VD Medium (5.67) —0.432 [-07187, -02127) - The O e
AR High (6.33) —0.497 [—0.8204, —0.2468] 00, T

The complete regression results are consistent with the proposed moderated condi-
tional indirect association pattern. For the cognitive load path, the interaction between
GROUP and digital self-efficacy was statistically associated with cognitive load (B = —0.555,
SE =0.113, t = —4.927, p < 0.001), and cognitive load was negatively associated with human-
Al trust (B = —0.438, SE = 0.044, t = —9.937, p < 0.001). Human-AlI trust was positively
associated with value co-creation (B = 0.749, SE = 0.059, t = 12.628, p < 0.001) and negatively
associated with value co-destruction (B = —0.432, SE = 0.078, t = —5.521, p < 0.001). For
the perceived control path, the interaction between GROUP and digital self-efficacy was
statistically associated with perceived control (B = 0.663, SE = 0.127, t = 5.218, p < 0.001),
and perceived control was positively associated with human-AlI trust (B = 0.388, SE = 0.039,
t =10.020, p < 0.001). Human-AlI trust was positively associated with value co-creation
(B =0.763, SE = 0.060, t = 12.799, p < 0.001) and negatively associated with value co-
destruction (B = —0.382, SE = 0.077, t = —4.943, p < 0.001).

For value co-creation, the conditional indirect associations of both the cognitive load
chain and the perceived control chain increased with digital self-efficacy (DSE) (Table 6).
The indices for the two serial paths were significant (0.1822 and 0.1965, respectively, with
95% Cls excluding zero), indicating conditional differences in the indirect associations
across levels of digital self-efficacy. Specifically, higher DSE was associated with stronger
first-stage associations between fit condition and lower cognitive load, as well as between
fit condition and higher perceived control. These conditional first-stage associations were
further linked to higher value co-creation through human—AlI trust.

For value co-destruction, the conditional indirect associations of both serial paths
were negative, and their absolute values increased across levels of DSE. The indices for
the two serial paths were also significant (—0.1051 and —0.0982, respectively, with 95% Cls
excluding zero), indicating conditional differences in the indirect associations across levels
of digital self-efficacy. Specifically, higher DSE was associated with stronger first-stage
associations between fit condition and lower cognitive load, as well as between fit condition
and higher perceived control. These conditional first-stage associations were further linked
to lower value co-destruction through human-AlI trust.
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These findings reflect conditional psychological associations derived from experi-
mental scenarios rather than temporal or causal process confirmation. Thus, H8 and H9
were statistically consistent with the observed conditional indirect association patterns for
both value co-creation and value co-destruction. Accordingly, the moderated serial media-
tion model should be understood as a statistical representation of theoretically specified
conditional associations, not as evidence that these psychological states unfold in a fixed
temporal order.

4.2.4. Outcome Distinctiveness and Mechanism Interaction Checks

To further clarify the empirical relationship between value co-creation and value
co-destruction, we conducted additional outcome-distinctiveness checks in Study 2. The
Pearson correlation analysis showed that value co-creation and value co-destruction were
strongly and negatively correlated, r = —0.816, p < 0.001. This high negative correlation
indicates that the two outcomes were closely related in opposite directions in the scenario-
based service context. Therefore, we do not interpret value co-creation and value co-
destruction as fully independent or empirically distant constructs.

At the same time, the correlation does not necessarily imply that the two outcomes
are perfectly reversible or measurement equivalent. First, the correlation was below 1.00,
indicating that the two constructs did not completely overlap. Second, the square roots of
AVE for value co-creation and value co-destruction were 0.926 and 0.888, respectively, both
of which exceeded the absolute value of their correlation. Third, the six-factor measure-
ment model showed better empirical distinctiveness than the one-factor model reported
in Section 4.2.1. Taken together, these results suggest that value co-creation and value
co-destruction should be interpreted as highly related but conceptually distinguishable
outcomes. Accordingly, we retained them as two separate dependent variables, while
explicitly acknowledging their strong negative association.

We also examined whether cognitive load and perceived control exhibited interaction
dynamics. In Study 1, the interaction between cognitive load and perceived control did
not significantly predict human-Al trust, B = 0.011, t = 0.577, p = 0.564, value co-creation,
B =0.032, t =1.463, p = 0.145, or value co-destruction, B = 0.005, t = 0.211, p = 0.833. These
results suggest that cognitive load and perceived control mainly operated as parallel psy-
chological mechanisms in Study 1. In Study 2, the interaction between cognitive load and
perceived control significantly predicted human-AI trust, B = 0.037, t = 2.298, p = 0.022,
suggesting that perceived control may partially buffer the negative association between
cognitive load and human-AI trust. However, after human—AI trust was included in the
model, the interaction term did not significantly predict value co-creation, B = —0.021,
t = —1.140, p = 0.255, nor did it reach the conventional 0.05 significance level in predicting
value co-destruction, B = 0.042, t = 1.776, p = 0.077. Overall, these findings suggest that
cognitive load and perceived control generally function as parallel psychological mecha-
nisms, while Study 2 provides limited evidence that they may also interact at the stage of
human-AlI trust formation. The detailed results of these additional analyses are reported in
Supplementary Table S6.

4.2.5. Robustness Checks, Exploratory Analyses, and Causal-Inference Boundaries

Before conducting the main analyses, we first examined whether participants in the
high-fit and low-fit conditions differed in several pre-measured characteristics. Because
the original occupation categories contained several small cells, occupation was recoded
into enterprise employee status for the randomization check and robustness analyses. As
shown in Table 7, the randomization check showed no significant differences between the
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two conditions in gender, age, enterprise employee status, prior usage frequency, or digital
self-efficacy. These results suggest that the random assignment was generally successful.

Table 7. Randomization checks and robustness analyses.

Analysis Variable/Path Estimate/Test Statistic p-Value/95% CI
Gender x2(1) =1.578 p =0.209
Age x2(3) = 3.490 p=0322
Randomization check Enterprise employee status x*(1) =0.118 p=0.731
Prior usage frequency x2(2) = 5.212 p=0.074
Digital self-efficacy t=—1.283 p=0.188
Fit condition — Value co-creation B =2.629,SE =0.103, t = 25.459 p <0.001
Fit condition — Value co-destruction =~ B = —1.913,SE =0.113, t = —16.899 p <0.001
Robustness analysis CL —+ TR — VCC Index = 0.183 95% CI[0.090, 0.277]
CL - TR — VCD Index = —0.105 95% CI[—0.173, —0.045]
PC — TR — VCC Index = 0.199 95% CI [0.084, 0.328]
PC — TR — VCD Index = —0.101 95% CI [—0.188, —0.038]

Note. CL = cognitive load; PC = perceived control; TR = human-AlI trust; VCC = value co-creation; VCD = value
co-destruction. Control variables included gender, age, enterprise employee status, and prior usage frequency.

As a robustness check, we further re-estimated the main-effect and moderated serial
mediation models after including gender, age, enterprise employee status, and prior usage
frequency as control variables. Digital self-efficacy was retained as the focal moderator
rather than treated as a demographic control. As shown in Table 7, the main effects
of fit condition remained significant after adding these controls. The moderated serial
mediation results also remained substantively unchanged, with all indices of moderated
mediation remaining significant. These results indicate that the main findings were robust
to demographic and usage-related controls.

We further compared the hypothesized structural model with several theoretically
plausible alternative specifications. The hypothesized model specified cognitive load
and perceived control as two parallel psychological mechanisms that influence value out-
comes through human—AI trust. The alternative models included a parallel mediation
model, in which cognitive load, perceived control, and human—AlI trust were specified
as parallel mediators; a no-trust model, in which cognitive load and perceived control
directly predicted value outcomes without the trust conversion mechanism; a trust-first
model, in which human-AlI trust preceded cognitive load and perceived control; and a
direct-only model, in which fit condition directly predicted value co-creation and value
co-destruction without the proposed psychological mechanisms. The results are reported
in Supplementary Table S7. Compared with the hypothesized model, the no-trust model
and the direct-only model showed substantially poorer fit, suggesting that models ex-
cluding the proposed psychological mechanisms or the trust conversion mechanism were
less consistent with the observed data. Although the parallel mediation model and the
trust-first model showed comparable fit indices, the parallel mediation model produced an
inadmissible solution, and the trust-first model produced a near-boundary solution. There-
fore, these alternative specifications did not provide a more stable explanation than the
hypothesized model.

We also conducted exploratory analyses to examine whether digital self-efficacy showed
nonlinear or asymmetric patterns under the low-fit condition. As shown in Table 8, the tail-
group analysis did not provide strong evidence for a nonlinear dark-side effect. Cognitive
load showed a marginal increasing tendency across DSE groups, Welch F(2, 63.823) = 2.983,
p = 0.058, whereas perceived control, human-AlI trust, and value co-destruction did not
differ significantly across groups. In particular, value co-destruction was not higher among
high-DSE users under low-fit conditions. Thus, the exploratory results suggest that high-
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DSE users may be more cognitively sensitive to misfit, but this sensitivity did not translate
into significantly stronger value co-destruction.

Table 8. Exploratory analyses of digital self-efficacy.

Analysis DV Estimate/Test Statistic Conditional Effects/J]-N Result
TGA under low-fit condition CL Welch F%’fggﬁ? =2.983, _
TGA under low-fit condition PC Not significant —
TGA under low-fit condition TR Not significant —
TGA under low-fit condition =~ VCD Not significant —

SS + J-N analysis

Low: B = —2.526, SE = 0.237, p < 0.001;
Mean: B = —3.270, SE = 0.120, p < 0.001;
High: B = —4.013, SE = 0.136, p < 0.001;
J-N: no transition point within the
observed DSE range

GROUP x DSE: B = —0.555,
CL SE =0.113,
t=—4927,p <0.001,
95% CI [—0.777, —0.334]

SS + J-N analysis

Low: B =1.794, SE = 0.267, p < 0.001;

GROUP > DSE:B=0.663,  \fean: B = 2.683, SE = 0.136, p < 0.001;

PC SE =0.127, High: B = 3.571, SE = 0.153, p < 0.001;
t=5.218,p <0.001, J-N: significant when DSE_A > 2.565,
95% CI [0.413, 0.913]

covering 94.51% of the sample

Note. TGA = tail-group analysis; SS = simple-slope analysis; ]-N = Johnson-Neyman analysis; DV = depen-
dent variable; DSE = digital self-efficacy; CL = cognitive load; PC = perceived control; TR = human-AlI trust;
VCD = value co-destruction. GROUP was coded as 0 = low fit and 1 = high fit.

To further probe this sensitivity pattern, we conducted simple-slope and Johnson—
Neyman analyses for the two first-stage paths in which digital self-efficacy served as
the moderator. As shown in Table 8, the interaction between fit condition and digital
self-efficacy was significant for both cognitive load and perceived control. For cognitive
load, the negative association between fit condition and cognitive load became stronger
as DSE increased. The Johnson-Neyman analysis identified no statistical significance
transition point within the observed range of DSE, indicating that the effect of fit condition
on cognitive load remained significant across the full observed range of the moderator.
For perceived control, the positive association between fit condition and perceived control
also became stronger as DSE increased. The Johnson-Neyman analysis showed that the
effect of fit condition became statistically significant when DSE_A exceeded 2.565, covering
94.51% of the sample. Overall, these exploratory analyses suggest that digital self-efficacy
amplifies users’ psychological sensitivity to fit and misfit. However, these results should be
interpreted as preliminary evidence of possible asymmetry rather than definitive proof of a
tipping point.

Finally, the causal-inference boundaries of the proposed model should be clarified. Per-
ceived fit was operationalized through randomly assigned high-fit and low-fit conditions
rather than through a post-scenario self-reported predictor. Therefore, the experimental
design supports the interpretation that fit condition was associated with participants’ post-
scenario psychological evaluations and behavioral intentions. However, cognitive load,
perceived control, human—AlI trust, and value outcomes were all measured after scenario
exposure; therefore, their serial ordering is theoretically specified rather than temporally
established. Following Rohrer et al. [47], alternative model comparisons should be viewed
only as robustness checks, because reversing arrows or comparing model fit indices can-
not determine which causal model is true. Accordingly, the proposed model should be
interpreted as a theoretically grounded and empirically supported process model, while
stronger claims about mediator ordering require future longitudinal, field-experimental, or
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interaction-log evidence. Therefore, the findings should be interpreted within a bounded
framework. The present design allows us to examine whether theoretically specified psy-
chological association patterns emerge under controlled scenario conditions, but it does
not establish how these psychological states unfold moment by moment during actual
service interactions. The framework is therefore intended to clarify possible conditional
association patterns among perceived fit, cognitive load, perceived control, human-AlI trust,
and value outcomes, rather than to offer a universal causal account of intelligent customer
service interactions.

4.3. Discussion of Study 2

Study 2 provided support for the moderating role of digital self-efficacy. The results
showed that, compared with users with lower digital self-efficacy, users with higher digital
self-efficacy exhibited stronger associations between fit condition and lower cognitive
load, as well as between fit condition and higher perceived control. Along the cognitive
load path, higher DSE appeared to strengthen the link between fit condition and reduced
cognitive burden, which was further associated with human-AlI trust and value outcomes.
Along the perceived control path, users with higher DSE were more likely to interpret
system task support as controllable assistance rather than as a loss of control. Thus, fit
condition was more strongly associated with perceived control among high-DSE users,
and this association was further linked to value co-creation and value co-destruction
through human-AlI trust. Overall, Study 2 suggests that digital self-efficacy functions as an
important boundary condition in the proposed process model.

5. Discussion

Taken together, the findings clarify the originality of this study. The contribution of
this research lies not only in examining both value co-creation and value co-destruction,
but also in showing that these two outcomes are not explained by a fully symmetric
psychological process. At the same time, the findings should not be interpreted as showing
a clean or deterministic transition from one outcome to the other; rather, they indicate
a probabilistic value divergence process shaped by cognitive burden, perceived agency,
and trust formation. In intelligent customer service encounters, value co-creation is more
likely to arise when perceived fit reduces interaction barriers, supports users’ perceived
control, and strengthens human—AlI trust. By contrast, value co-destruction may be more
likely when users report higher cognitive effort, weaker perceived control, lower trust, and
stronger negative responses such as frustration, avoidance, or resistance. This suggests that
value co-destruction should be regarded as an independent value trajectory rather than as
a simple failure to achieve value co-creation. By integrating the processing-cost logic of
cognitive load, the agency logic of perceived control, and the evaluative logic of human—Al
trust, this study provides a more nuanced explanation of how the same intelligent customer
service interface may lead to divergent value outcomes.

This asymmetry is important for interpreting the model. The results do not sug-
gest that cognitive load and perceived control operate as two equally supported paths
for both value outcomes. In Study 1, H2a was not supported: cognitive load did not
directly explain value co-creation. Instead, cognitive load was more clearly associated
with value co-destruction and operated in the value co-creation path mainly when further
linked to human-AI trust. Perceived control, by contrast, showed a broader associa-
tion with both value co-creation and value co-destruction. Thus, the dual-path model
should be understood as an asymmetric process model rather than as a balanced set of
parallel pathways.
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The findings further suggest that value divergence should be interpreted as a bounded
and contingent process rather than as a deterministic transition from value co-creation
to value co-destruction. This study does not identify a precise psychological threshold at
which intelligent customer service shifts from facilitating value co-creation to generating
value co-destruction. However, the asymmetric pattern of the results indicates that such a
transition may become more likely when cognitive burden accumulates, perceived control
weakens, and trust in the system becomes unstable. In this sense, value co-destruction
may emerge not simply because value co-creation is absent, but because users begin to
interpret the automated service encounter as effortful, uncontrollable, or unreliable. At the
same time, low perceived fit does not necessarily lead to value co-destruction in all cases.
Users with stronger digital self-efficacy, access to human assistance, or sufficient coping
resources may tolerate temporary misfit and prevent negative responses from escalating.
Conversely, even a high-fit system may create perceived loss of control when automation
becomes opaque, difficult to interrupt, or unsuitable for emotionally sensitive service
tasks. Therefore, the proposed framework should be understood as identifying conditional
and theoretically specified association patterns, rather than establishing a universal or
temporally fixed causal sequence from perceived fit to value outcomes.

5.1. Theoretical Contributions

First, this study contributes to extending task—technology fit theory to the post-use
value formation process of intelligent customer service. Prior research has mainly focused
on users’ adoption of intelligent customer service or the direct effects of service charac-
teristics on satisfaction and continuance intention. In contrast, this study uses perceived
fit as the primary theoretical anchor to explain why the same intelligent customer service
condition may be associated with divergent value outcomes during actual use. By linking
fit condition to both value co-creation and value co-destruction, this study provides a
more nuanced fit-based perspective for understanding user value divergence in human-Al
service interactions.

Second, this study clarifies the asymmetric psychological mechanisms through which
perceived fit is linked to value outcomes. Specifically, cognitive load and perceived control
are introduced as two localized mechanisms within the task-technology fit framework. The
findings suggest that these two mechanisms do not operate as fully symmetric or equally
supported pathways. Cognitive load was more clearly associated with value co-destruction
and was linked to value co-creation mainly through human—-AI trust, whereas perceived
control showed a broader association with both value co-creation and value co-destruction.
This finding helps explain why value co-destruction should not be treated simply as the
absence or reverse of value co-creation.

Third, this study identifies human-AlI trust as a conversion mechanism in the value
formation process. By examining the theoretically specified path of “perceived fit — cogni-
tive load /perceived control — human-Al trust — value co-creation/value co-destruction”,
this study shows how users’ interaction experiences are associated with trust judgments
and subsequent value-related responses. Rather than treating trust as a uniformly positive
mediator, the revised framework emphasizes that trust formation depends on how users
interpret the balance between automation efficiency and perceived agency.

Fourth, this study highlights digital self-efficacy as an important boundary condition in
intelligent customer service encounters. The findings suggest that users with higher digital
self-efficacy show stronger associations between fit condition and lower cognitive load,
stronger perceived control, higher human—AI trust, and more favorable value outcomes.
This boundary condition helps explain why users may respond differently to the same
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intelligent customer service condition and extends the application of self-efficacy theory to
human-Al service contexts.

5.2. Managerial Implications

Given that this study is based on written scenario experiments and self-reported
intentions, the following managerial implications should be interpreted as tentative design
suggestions rather than validated decision-management prescriptions. They indicate possi-
ble directions for intelligent customer service design that require further validation using
field experiments, behavioral data, interaction logs, and customer-service performance
records. Nevertheless, the findings suggest that intelligent customer service should not
be evaluated only through the lens of efficiency, automation rate, or cost reduction. A
service system that is efficient for routine users may still exclude, frustrate, or disadvantage
users with lower digital confidence, complex service requests, or emotionally sensitive
complaints. Therefore, firms should be cautious that efficiency-oriented automation does
not unintentionally create digitally exclusionary service experiences for vulnerable users.

First, firms should regard perceived fit in intelligent customer service as a core lever
for improving human-AlI interaction. Perceived fit is not merely a technical indicator;
it is related to users’ cognitive burden, perceived control, and trust formation, thereby
influencing whether intelligent customer service is associated with value co-creation or
value co-destruction. Therefore, firms should not only improve technical performance,
such as natural language understanding and response accuracy, but also ensure that
system responses align with users’ task requirements, expectations, and mental models.
An effective intelligent service system should both understand users’ needs and remain
manageable during the interaction.

Second, intelligent customer service design should be differentiated according to the
nature and risk level of the service task. For transactional tasks, such as order tracking,
invoice requests, address changes, and basic information searches, the priority should
be to minimize cognitive load through short interaction paths, clear prompts, pre-filled
information, and visible progress indicators. In contrast, for complex or relational tasks,
such as complaints, refund disputes, service recovery, high-value after-sales issues, and
emotionally sensitive inquiries, efficiency should not be achieved by forcing users to
remain within automated loops. Firms should provide options such as revising requests,
obtaining explanations, comparing alternative solutions, pausing automated processes,
withdrawing or correcting previous inputs, and switching to human agents. These design
strategies can reduce the risk that intelligent customer service becomes opaque, frustrating,
or uncontrollable.

Third, firms may consider developing empirically testable human-handoff rules rather
than treating manual intervention as a last resort. Escalation to human agents could be
considered when users repeatedly express dissatisfaction, when the system misunderstands
user intent across multiple turns, when users repeatedly rephrase the same request, when
negative sentiment becomes salient, when the dispute involves a relatively high monetary
value, or when the user repeatedly requests human assistance but fails to obtain it. In
these situations, continued automation may increase cognitive load, weaken perceived
control, and damage trust. A timely transfer to a human agent may therefore function as
an important component of service recovery and consumer protection.

Fourth, firms should monitor early warning signals associated with value co-
destruction. Although this study does not estimate a precise operational threshold, the
findings suggest that firms should track behavioral and linguistic signals such as repeated
input, repeated correction, long interaction loops, failed intent recognition, negative word-
ing, abrupt exit, complaint initiation, repeated requests for human agents, and failed
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handoff attempts. When these signals appear, the system may simplify the task, provide
clearer guidance, restore users’ sense of control, or offer immediate human support before
the poor interaction is associated with stronger value co-destruction responses.

Finally, firms should adopt inclusive service strategies for users with different levels
of digital self-efficacy. High-DSE users may benefit more from efficient automated services,
whereas low-DSE users may require clearer step-by-step guidance, simpler language,
visible progress cues, more controllable options, and easier access to human support.
More broadly, intelligent customer service may unintentionally create unequal service
experiences for users with low digital confidence, older consumers, users with limited
digital literacy, and other marginalized groups. Therefore, firms should provide accessible
interfaces, transparent explanations, multimodal channels, easy human handoff, and non-
digital alternatives. In this sense, improving intelligent customer service is not only about
efficiency or automation performance, but also about service fairness, consumer inclusion,
and digital accessibility.

5.3. Limitations and Future Research

This study has several limitations. First, this study used online scenario-based ex-
periments and self-reported intentions, which may differ from actual intelligent customer
service encounters. Although this design allowed controlled manipulation of perceived fit,
the scenarios represented relatively clear cases of successful versus unsuccessful service
interactions, which may have made the contrast between conditions more salient than in
natural settings. Thus, the large effect sizes should be interpreted mainly as evidence of
experimentally induced differences and theoretically proposed psychological mechanisms,
rather than as exact estimates of real-world effect magnitudes. Moreover, the experimental
scenario was situated in a specific e-commerce service context, and the participants were
consumers with prior experience using intelligent customer service. Therefore, the findings
may not fully generalize to users with little or no prior intelligent customer service experi-
ence, to other service contexts such as healthcare, finance, public services, or offline service
recovery, or to real-time interactions in which users’ responses unfold dynamically. In
addition, this study did not use actual interaction logs, behavioral records, customer-service
performance data, or field experiments; therefore, the managerial implications should be
further tested in real service environments before being treated as validated operational
prescriptions. Future research could use more subtle scenario manipulations, include ma-
nipulation checks in each experimental wave, and combine field experiments, longitudinal
designs, chatbot interaction logs, clickstream records, service recovery records, or repeated-
use behavioral data to enhance ecological validity and examine how perceived fit, cognitive
load, perceived control, human-AlI trust, value co-creation, and value co-destruction evolve
during actual service processes. To further delineate the limits of the proposed framework,
this study should not be interpreted as establishing a fixed causal sequence from perceived
fit to cognitive load /perceived control, then to human-AlI trust, and finally to value out-
comes. Rather, the framework identifies theoretically specified and empirically observed
association patterns under scenario-based experimental conditions. Its explanatory scope is
bounded by three conditions. First, the evidence is based on written service scenarios rather
than real-time human-Al service interactions. Second, cognitive load, perceived control,
human-AI trust, and value outcomes were measured through post-scenario self-reports
rather than through temporally separated or behavioral measures. Third, the framework
was developed in an e-commerce intelligent customer service context and may not fully
generalize to more complex, high-risk, or emotionally sensitive service settings. Therefore,
the proposed framework is best understood as a bounded and contingent explanation of
value divergence, rather than as a universal causal model.
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In addition, although the randomized scenario design strengthens the interpretation
that fit condition shaped participants” post-scenario evaluations, the serial ordering among
cognitive load, perceived control, human—AlI trust, and value outcomes should be inter-
preted cautiously. These variables were measured through self-reported responses after
exposure to the same scenario, which means that the data cannot fully rule out simultaneity,
unobserved psychological factors, or common method influences among the mediators
and outcomes. Therefore, the proposed model should be understood as a theoretically
grounded process model supported by scenario-based evidence, rather than as definitive
proof of a temporally ordered causal chain. Future research should use longitudinal de-
signs, real-time chatbot interaction logs, field experiments, physiological or behavioral
indicators of cognitive load, and repeated measures of trust and control to examine how
these psychological states evolve during actual service failures and recoveries.

Second, regarding mechanism exploration, this study focuses on two paths, namely
cognitive load and perceived control, but intelligent customer service may influence user
value through other psychological mechanisms as well, such as affective experience and
social presence. Future studies may further explore additional potential mediators and
develop a more comprehensive theoretical model.

Third, in terms of the research sample and user heterogeneity, this study mainly focuses
on consumers with prior experience using intelligent customer service, whereas different
types of users may exhibit different behavioral patterns and psychological responses when
interacting with intelligent customer service. In particular, generational differences may
represent an important direction for future research. Users from different generational
cohorts may differ in their familiarity with digital technologies, expectations of Al service
agents, tolerance for interaction errors, and ability to manage cognitive demands during
service encounters. Given that this study identifies cognitive load as a key psychological
mechanism, future research could further examine whether users from different generations
differ in their cognitive processing and responses to Al-enabled service interactions, and
whether the effects of perceived fit on cognitive load, human—AlI trust, value co-creation,
and value co-destruction vary across generational groups.
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